The European Water Framework Directive (WFD) requires that all aquatic ecosystems in their member states should reach 'good' ecological quality by 2015. To assess ecological quality, the WFD requires the definition of reference conditions using biological, physical and chemical indicators and the assignment of each water body to one of five quality classes using these indicators. Elaborate assessment schemes using large sets of variables are now being developed. Here we address the question whether all this is really needed and what the simplest assessment approach would be for the case of shallow lakes. We explore the relationships between the quality class assigned to a lake by experts in shallow lake ecology and a rich set of biological, physical, and chemical data. Multinomial logistic regression analyses were carried out based on data from 86 shallow lakes throughout Europe that were sampled in 2000 and/or 2001. Ecological quality of shallow lakes judged by experts was strongly correlated to physical and chemical variables associated with light regime and nutrients and much less to biological variables.
Introduction
Research assessing the quality or 'health' of aquatic ecosystems has recently received much attention in Europe with the approval of the European Water Framework Directive (WFD; Directive 2000/60/EC of the European Parliament and of The Council of 23 October, 2000 establishing a framework for community action within the field of water policy). All aquatic ecosystems in the member states are required to obtain at least 'good' ecological quality by 2015. Although five quality classes are defined (bad, poor, moderate, good and high), the means of assigning ecosystems to these categories are still open to debate. The only definitions in the Directive that are not circular in nature are that high quality has minimal human influence and that good quality is only slightly different from high quality. In Annex V, the WFD requires use of detailed biological, physical and chemical variables including information on composition, abundance and biomass of phytoplankton, phytobenthos, benthic invertebrate fauna, macrophytes and the composition and abundance of the fish community and the age structure of the fish populations.
The use of extensive lists of species and environmental variables is becoming more common in evaluating the quality of ecosystems (Parsons, Thoms, & Norris, 2004; Reynoldson, Norris, Resh, Day, & Rosenberg, 1997; Tonn et al., 2003) . Although the collection of comprehensive and detailed information is useful for many purposes, it may be debated how detailed the information needs to be for assessing ecological quality. Moss et al. (2003) wrote: ''It is the tragedy of our time, perhaps of all times, that we must set up expensive and elaborate measures to do what, with experience, and consensus within society as to its environmental goals, could be done much more easily. '' Knowledge and experience of experts is a valuable source of information in ecological sciences such as conservation biology (Regan, Master, & Hammerson, 2004) , the development of reference lists (Richardson & Healey, 1996) , and bioassessment (Sullivan, Saunders, Tonnessen, Nash, & Miller, 2005) . Generally, experts use a combination of logic, common sense, skill, experience and judgement, to generate a final assessment that is intended to be timely, relevant, and meaningful (Rush & Roy, 2001 ). Although expert judgement plays an important role in the ecological assessment of aquatic systems, there has been little formal justification as to whether expert knowledge has any relationship with measured environmental and/or biological variables.
The objectives of our study are to analyze whether quality judged by experts coincides with differences in abiotic and biotic circumstances and to find a simple way of predicting quality of lakes. We explore empirical relationships between quality classes assigned to lakes by known experts using field observations and a rich set of biological, physical and chemical data. Our aim is to find a simple model predicting the outcome of highquality expert judgement. For this purpose we used expert judgements and data from 86 shallow lakes in 10 European countries, which were sampled in 2000 and/or 2001 in a pan-European study (ECOFRAME). The aim of ECOFRAME was to develop an assessment system for the ecological quality of shallow lakes (Moss et al., 2003) .
Methods

Study sites
At least six different shallow lakes were selected and sampled in 2000 and/or in 2001 in each of the 10 European countries that participated in the ECO-FRAME project. Mean depth in all lakes was less than 3 m and the maximum depth was 6 m. The lakes were chosen to cover a wide range of geographical regions and physical and chemical conditions. All lakes were natural in origin or naturalized if ultimately manmade, and none were 'heavily modified waters' as outlined in the WFD. Within the ECOFRAME project, all experts were trained biologists with at least several years of field experience in shallow lake ecology. In one project meeting prior to the sampling it was decided that each participating country should select at least six lakes covering the range from high to poor quality as defined by their own ideas. The experts assessed the ecological quality of the lakes based on their own previous experiences taking into account all kinds of deterioration. The finally selected lakes differed in their ecological quality as judged by these experts (Table 1) . Detailed information on the selected lakes is given by Moss et al. (2003) .
Collected data
The selected lakes were sampled at least twice for chemical and physical properties in the period JulySeptember in 2000 and/or 2001. A total of 65 lakes were sampled in 2000 and 66 in 2001. In total, 86 different lakes had been sampled, 45 of which were sampled in both years. Biological data included indices related to macrophytes, phytoplankton, zooplankton, macroinvertebrates, and fish (Moss et al., 2003) . Many abiotic variables were measured in both years, but the number of biotic variables measured was considerably reduced in 2001 (see Appendix A: Table 1 ). However, information on most of the abiotic variables was obtained in both years.
Summer averages were calculated for the abiotic variables and prior to the statistical analyses, variables with continuous data were log transformed. Since the number of lakes with a likely bad quality class was rather low (Table 1) , these were combined with lakes assessed as having poor quality, resulting in four different quality classes. All data on fish were omitted, because in some member states no fish data were collected as the proposed method of sampling was forbidden.
Data analyses
Analyses of Variance (ANOVA) were performed with a variable describing the quality class judged by experts as explanatory variable and the other variables as dependent ones. Analyses were performed for both years separately to reveal which abiotic variables were of interest and to analyze which biological components showed a correlation with the ecological quality.
Multinomial logistic regression is a generalized linear model (GLM). It is an extension of the binomial logistic regression and may be applied when the response variable has more than two categories. GLM allows various distributions for the response and error terms in the model (Hosmer & Lemeshow, 1989; McCullagh & Nelder, 1989) . Multinomial logistic models are multiequation models and a response variable with k categories will generate k-1 equations with each equation being a binary logistic regression comparing a group with the reference group. Therefore, the multinomial logistic regression model describes the probability of occurrence of each category as a function of the explanatory variables. The maximum likelihood principle is used to estimate the values for the parameters in the equations and the likelihood ratio Note that in our analyses the quality classes Bad and Poor were pooled.
test is applied to assess the significance of the estimated parameters by comparing the predictive value of models including the estimated parameters with those not including them. A parameter is excluded if its removal does not lead to a decrease in the power of the model (Trexler & Travis, 1993) . Furthermore, the reduction in deviance is used to assess the contribution of a model to the explanation of the variance in the data points. The deviance of a model with only a constant term is equivalent to apportioning all of the variation to a random (error) component and is analogous to the total sum of squares in normal linear regression.
Multinomial logistic regressions were applied with a variable describing the quality class judged by experts as a dependent variable. Preliminary logistic regressions were performed for both years separately with all available abiotic and biotic data. The results demonstrated that some abiotic variables contributed significantly (Secchi depth plus TP in 2000 and chlorophyll-a in 2001) and that all biological variables were excluded from the regression model. Therefore, the final multinomial logistic regressions were performed with summer averaged values of Secchi depth, TP and chlorophyll-a and multiple analyses were applied in order to determine the minimal set of variables required for predicting the probability of a certain ecological quality. Cross-validation can be an efficient tool to evaluate the predictive ability of a regression model (Van Houwelingen & Le Cessie, 1990) and in this study the leave-one-out cross-validation was applied. In this procedure, a single observation is used as the validation data and the model is built with all the other data. This is repeated such that each observation is used once as 
Results
The ANOVA results show that eight environmental and 10 biological variables contributed significantly to explaining differences between the quality classes judged by experts in 2000 and four environmental and one biological variables in 2001 (Table 2) . Among the abiotic variables, especially variables related to the light regime (Secchi transparency, chlorophyll-a, suspended solids) and nutrients (total P, N:P ratio) were important. Tukey's post hoc tests showed that three homogeneous subsets existed for the environmental variables total phosphorus, Secchi transparency and chlorophyll-a (in 2001) and two homogeneous subsets for the other environmental variables.
No soft-and hard-bottom macroinvertebrate indices had a significant relationship with the ecological quality judged by experts in 2000, and the same was true for epiphytic macroinvertebrate indices in 2000 and 2001. ANOVA showed that several biological variables had a significant contribution (Table 2) with biovolume of Chlorophyta, Cryptophyta, and Cyanophyta, percentage of native plant species, percentage-volume infested (PVI) with submerged plants, and in 2001, the abundance of plants, being the most important ones. Although significant, Tukey's post hoc test did not reveal homogeneous subsets for percentage biovolume of filamentous Cyanophyta, Chlorophyta and Chrysophyta, number of submerged and floating leaved plants and Cladocera o4 mm.
The reduction in deviance differed between the three variables when analyzed separately, with Secchi depth resulting in the highest reduction (33.2%), followed by chlorophyll-a (25.6%) and total phosphorus (23.7%). Since logarithmically transformed Secchi depth data resulted in a lower reduction in deviance and in a lower percentage of well-predicted lake quality, untransformed Secchi depth data were used to build the model. Using the model with Secchi depth (see Appendix A model description) and adding the other two variables step-by-step showed that the additional variables had no significant additional effect. Obviously this is largely due to the high correlation between, e.g., Secchi depth and total phosphorus. Fig. 1 , showing the probability of occurrence of a certain ecological quality class as a function of Secchi depth, clearly demonstrates that, as expected, higher ecological quality classes are only obtained for higher values of Secchi depth. The results of the leave-one-out cross-validation show that in 56% of the lakes the predicted quality class is equal to the quality class judged by experts (Table 3) . Furthermore, the predicted value was higher in 16% of the lakes and in 28% the predicted quality was lower than the quality assessed by experts. The similarity between the predicted quality and the quality judged by experts was particularly high for Finland and Sweden. If the results of the leave-one-out cross-validation are used to analyze the number of lakes that meet the WFD criterion (at least good quality) it appeared that in 78% of the cases the predicted and quality judged by experts is similar (Table 3 ). In 15% of the lakes the predicted quality is lower than the quality assigned by experts and in only 7% the predicted quality was higher. This means that from the lakes that were classified as bad to moderate according to the experts (50, see Table 1 ) only 12% (6) Results are obtained from a leave one out cross validation using the four quality classes (bad/poor, moderate, good and high) and using the criterion of meeting the WFD standard (at least good quality).
had a higher quality according to the regression model. Furthermore, approximately 30% of the lakes with a good/high quality judged by the experts (36, see Table 1) had a lower quality according to the model. Differences in predictions for the quality classes judged by experts 'high' and 'bad/poor' were rather small, whereas higher deviations were observed for the quality classes 'moderate' and 'good' quality as judged by the experts.
Discussion
Our analyses showed a clear relationship between ecological quality of shallow lakes judged by experts and a number of physical, chemical and biological variables. From the physical and chemical variables, those related to light regime and nutrients were most important. Differences among the ecological quality classes were most prominent for total phosphorus and Secchi transparency, with three significantly distinct subsets. Our analyses showed that variables with significant differences between the classes are linked with eutrophication and, therefore, it seems that the main quality gradient judged by the experts was the level of eutrophication despite the fact that subjective components will play a role (Boesten, 2000; Van Steen, 1992) . However, it is not surprising that expert judgement is focussed on eutrophication as this is probably the major threat driving such lakes from a state of clear water and rich biodiversity to an impoverished situation with turbid water, cyanobacterial blooms and overall lower species numbers (Bootsma, Barendregt, & Van Alphen, 1999; Jeppesen, Jensen, Søndergaard, Lauridsen, & Landkildehus, 2000; Moss, 1988; Scheffer, 1998) .
Most biological variables did not show significant relationships with quality. This result does not indicate that eutrophication in shallow lakes really has no effect on these groups, but merely that their response to eutrophication does not correspond with the quality classes defined or that it is too subtle to be readily detectable without extensive sampling. Furthermore, the identification level in the present study for phytoplankton, zooplankton, and invertebrates was not species but family and/or order level. According to De Eyto et al. (2003) the relationship between Chydoridae from the lakes sampled in 2000 and lake ecological quality was more apparent at species than at community level. However, other studies (Marchant, 2002) have demonstrated that identification to species level is not always necessary for the assessment of ecological quality. For example, the widely used biological monitoring working party (BMWP) score system for macroinvertebrates (e.g. Metcalfe, 1989 ) uses family and not species level.
Our regression analyses together with the crossvalidation showed that quality classes judged by experts can be well predicted from Secchi depth with a multinomial logistic regression model. At first, it may seem remarkable that expert judgement of complex ecosystems like shallow lakes may be mimicked by a single physical variable. This may partly be related to the gradients present or lacking in the dataset. An eutrophication gradient was clearly available in our database, but, for example, data on metals were lacking in our dataset. It has been demonstrated that severe metal and organic pollution may also lead to high transparency in the water because copper sulfate and herbicides are toxic to phytoplankton (e.g. Duvall, Anderson, & Goldman, 2001; Hanson & Stefan, 1984) , while other pollutants may negatively affect fish stock and zooplankton with cascading effects on water clarity (Scheffer, Hosper, Meijer, Moss, & Jeppesen, 1993) . Acidification may also lead to enhanced clarity because the phosphorus concentrations are more tightly bound to inorganic substances (e.g Kopacek et al., 2004) and to fish kill, either because of reduced pH or release of toxic substances (e.g. Reckhow, Black, & Stockton, 1987) , which may cascade to water clarity. A third aspect is related to the length of the gradient present in our dataset. For example, excessively hypertrophic lakes were rare in our database. Such lakes may become clear because of fish kills due to low oxygen concentrations (high oxygen consumption) or high pH (Beklioglu, Carvalho, & Moss, 1999; Jeppesen et al., 1998) . Therefore, additional knowledge of total phosphorus and perhaps fish abundance would be needed to avoid misclassification of such systems (Søndergaard, Jeppesen, Jensen, & Amsinck, 2005) . Obviously, we cannot say how 'good' the judgement of quality by our model really is because it is difficult to evaluate how appropriate the expert judgement of the quality of the lakes is. Although approximately 45% of the lakes are misclassified when taking four quality classes into account and 20% in case of two classes (meeting the WFD standard or not), this will at least partly be related to some level of inconsistency or 'error' in expert judgement (Boesten, 2000; Van Steen, 1992) . Our logistic regression model seems to be conservative in the sense that when there is a mismatch between the prediction and the expert judgement in most cases the predicted quality is lower. In our approach we mainly rely on the statistical significance testing of the variables, an objective tool for evaluating scientific hypotheses testing. However, the use of statistical significance testing as the best guideline for developing predictive models is still under debate (e.g. Harrell, 2001; Schmidt, 1996) , and using other criteria may lead to improved results (e.g. Moons, Donders, Steyerberg, & Harrell, 2004) but no standard alternative procedure is yet available. However, our approach demonstrates that, for a quick inventory, the use of a simple model based merely on Secchi depth may serve as a good measure for lake eutrophication especially in combination with additional knowledge of nutrient status and some biotic characteristics. Although, these measures might diagnose whether a lake deviates from a good or high quality, they do not provide information on possible causes and little information on how to manage and restore them (Moss, 1987) . The theory of alternative stable states in shallow lakes by Scheffer et al. (1993) demonstrates that the degradation of a shallow lake associated often with nutrient enrichment may follow a different nutrient trajectory from the restoration of such a system. To manage and restore disturbed lakes, detailed knowledge at the ecosystem level is necessary.
Our results (Table 2) indicate that it will be difficult to discriminate between good and moderate state of shallow lakes using Secchi depth as the single measure of ecological state. This may indicate that experts typically can separate the very good from the very poor quality, whereas they err more often between good and moderate quality. This is unfortunate as a shift to at least a good state is required to fulfill the WFD and we can expect that efforts will have to be taken by member states to shift lakes from a moderate to a good ecological state. A more comprehensive scheme including more environmental and biological variables is therefore needed to identify if such a shift has occurred (see Moss et al., 2003; Søndergaard et al., 2005) .
In conclusion, ecological quality of shallow lakes judged by experts coincides with changes in a number of abiotic and a limited number of biological variables. Multinomial logistic regressions showed that Secchi depth is the variable that best matches the quality judged by experts. Our minimal model may serve as a barometer for ecological quality of shallow lakes and seems conservative since most misclassified lakes had a lower predicted quality than that assigned by the experts. However, the model does not provide information on possible causes, nor on measures that should be taken to manage and restore disturbed shallow lake ecosystems. Further, it will be difficult to detect from Secchi depth alone, if a lake has shifted from a moderate to a good ecological state according to the WFD.
Based on the results of our analyses we propose the following procedure to make an inventory of the ecological quality of shallow lakes in a certain region. In a first step, it will be sufficient to let experts give a rough categorization of all lakes in the region taking into account factors like obvious sources of pollution and lake age supported by measuring Secchi depth in the period July-September. They will with high probability be able to separate lakes for which no management plan is needed since they can distinguish lakes with good and high ecological quality from lakes with low quality. This first step is a cheap way to reduce the number of lakes that require further attention. In a second step, additional biological, physical and chemical measurements are needed only for those lakes with a low quality to develop a sound management plan using the approach described by Moss et al. (2003) .
